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Abstract –The bidding price can directly affect the 
construction firm business, so the decision what price 
to bid for a new project in order to sign a contract is a 
difficult and responsible decision. Data for fifty four 
tenders were collected from construction firms. Only 
data for twenty six tenders were contracts which were 
signed and used for further analysis. A model for 
forecasting the bidding price was developed. The model 
uses support vector machine. DTREG software 
package was used for predictive modeling. The 
obtained prediction was very accurate with only 2.5% 
error (mean absolute percentage error) of the model.  

Keywords – Bidding price, construction, forecasting, 
support vector machine, DTREG software package. 

 
 
1. Introduction 

 
An inadequate firm selection as participant in 

construction project can lead to sub-standard design, 
delays, disputes etc., so the selection of firms is a 
very important stage of every construction project. 
One of the ways for firm selection is a tender. The 
firm should win the tender in order to sign a contract 
and to become a participant in a project. For the firm, 
the decision not to bid could lead to losing the chance 
to get a profit [1], and the bidding decision can have 
influence on the success and existence of the firm. 
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A major characteristic of the bidding process is 
the high complexity and the many objectives [1]. 
Furthermore, the process of completing the bidding 
documentation consumes time and costs [2]. 

For the bidders the involvement in the bidding 
process leads to tension [3]. They have to decide 
what price to bid in order to maximize the profit on 
one side, and to bid a price that is low enough to win 
the bid, on the other side [4]. Therefore, in practice, 
when decision makers decide on the bidding price, 
they use their experience, intuition and personal bias, 
but the process can affect their emotions [5]. 

Usually, if other criteria are equal, the bid is 
awarded to the competitor with the lowest bidding 
price [6]. Then, the bidding price becomes a part of 
an agreement between the bidder firm and the 
investor, so the bidding price can attack the 
economic success of both agreement parties [7]. 
Therefore, for many firms, an important issue is to 
place the bid that will win [8]. 

With respect to the above mentioned, it can be 
concluded that the bidding price can have a direct 
influence on the firm’s business. What price to bid 
for a new project is a responsible and very difficult 
decision during the process of preparation of the bid 
[9]. 

In many cases, decision makers don’t support 
their decisions with mathematical expressions that 
are connected with the probability of winning and the 
price to bid [6]. Additionally, information and 
experiences about the past bids are not always 
available [10], and if they are, they are not always 
useful because of the different circumstances that are 
specific for each bidding process [6]. 
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To support the bidding decision, there are support 
systems that are electronic [11], but the bidding 
process and the decision what price to bid is still a 
complex and crucial for each firm. 

Acknowledging the above mentioned, the aim of 
this research is to develop a model for forecasting the 
bidding price for construction projects as a support in 
the decision process. The research is based on the 
investigation in the R. of Macedonia, but it can be 
generalized for any country. 

 
2. Literature review 

 
2.1 Bidding process and bidding price 

 
Bids and bidding processes are examined by 

many authors. 

Authors in [12] suggested the implementation of 
analytical hierarchy process to improve the selection 
of a contractor.   

In [13] authors gave a model for selection of the 
contractor that is not based only on the bid with the 
lowest price, but on the bid that ensures the 
identification of contractors with the best potential to 
fulfill the contract requirements. The mark-up level 
and the bid winning probability are linked in a 
mathematical expression in [6]. 

The decision to bid or not to bid is attacked by 
numerous factors. They were ranked in [14].  

The contract bids and their competitiveness are 
investigated in [15]. 

Authors in [3] gave a model for prediction of the 
mark-up decisions of the bid. They concluded that 
the size of the contract and the size of the bidder are 
in relationship. 

The bidding process and the bidding price were 
also examined by other authors [16], [1], [8]. 
 
2.2 Neural network and bid decision process 

 
Günther and Fritsch in [17] stated that many 

papers that examine the neural networks (NNs) 
application as a support in decisions making in the 
bidding process are worthy of attention.  

Authors in [1] concluded that artificial neural 
networks are one of the most used for creating 
models for determination of the bid mark-up, while 
authors in [9] used artificial neural networks with 
combination with expert systems in order to find out 
the optimal mark-up for bids. Neural networks were 

also used in [11] where a model for customer 
behavior in order to support the bidding process in e-
auctions is created. 

For the bidding process, authors in [18] concluded 
that the artificial neural network has better 
capabilities of prediction than multiple linear 
regression. 

Using artificial neural networks, author in [19] 
suggested a method that can be used for choosing the 
optimal value of bid mark-up.  

To enhance online auctions, the model for 
forecasting the winning price for bid using the neural 
network and Bayesian network is created in [20]. 
Similarly, neural networks were used in [11] where a 
model for customer behavior in order to support the 
bidding process in e-auctions is created. 

To support bid decisions in construction, artificial 
neural network is also used in [21].  

In [22] authors used neural network for 
developing optimal bidding strategies, while in [23] 
authors developed models using neural network and 
regression to predict cost for bid for highway 
projects.  

The paper [24] confirmed the power of neural 
network algorithms in creating a decision model for 
bidding process. 

The author in [25] used neural fuzzy systems and 
multi-dimensional risk analysis for bid optimization. 

 
 
3. Methodology 

 
Bidding data for 54 tenders for structures design 
were collected from firms in the R. of Macedonia. 
Data were collected during 2014 for different types 
of structures financed by public funds. The collected 
data covered data about: the structure’s type, bidding 
price, winning price and problems that occur for the 
firm during the bidding process. 

From the 54 tenders’ data, only 26 tenders had 
signed an agreement and were used for further 
analysis. 

For forecasting the bidding price, support vector 
machine (SVM) predictive model was implemented. 
For modelling, the program package DTREG [26] 
was used. 
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4. Research 
 
4.1 Support vector machine (SVM) 

In recent years it has been proven that in many 
cases SVM learning algorithms are more superior to 
the neural networks learning algorithms, both for 
regression (function approximation) and also for 
classification tasks.  

Below is a brief insight into this newer and 
rapidly developing learning paradigm implemented 
in support vector machines. 

Support vector machines were first introduced by 
Vapnik et al. [27]. There are two main algorithms for 
support vector machines: support vector 
classification (SVC) and support vector regression 
(SVR). A version of a SVM for regression is called 
support vector regression (SVR). 

Similarly to neural networks, SVMs are being 
considered as universal machines for approximation 
of any function to any degree of accuracy. Because 
of this, they are of specific interest for modelling 
partially known or unknown and highly nonlinear 
processes and complex systems. 

In comparison to neural networks, SVMs were 
developed from sound theory to experimentation and 
applications, while the NN’s were developed from 
extensive experimentation and application to sound 
theory [28].  

One of the most significant features of the SVMs 
is that computational complexity of the SVM 
algorithm does not depend on dimensionality of the 
input space, and its sophisticated learning model 
matches the capacity of the model to the input data 
complexity, ensuring very good performances on 
previously unseen, future data.  

Support vector learning algorithm has very broad 
applicability because of its more generic nature, and 
all feed-forward NNs have an ability of using support 
vector learning algorithms in their process of 
learning.   

The learning problem for SVM is set up in the 
following way [29]: 

There is a training data set  
},...,,),{( liYXyxD ii 21=×∈=   which is the 

only available information. L is the size of the 
training set, X is some high dimensional input vector, 
whose components xi are called predictor variables 
or attributes.Y is the output vector, whose 
components yi are scalars and they are called target 
variables, or response from the system. Nonlinear 
dependent function y(X) is established between the 
input vector X and output vector Y in the process of 
learning. 

 
SVMs are called “nonparametric” models 

because, in comparison to the classic statistical 

models, the parameters of the model are not 
predefined. This doesn’t mean that SVMs do not 
have parameters at all. They are obtained in the 
course of learning and their number depends on the 
training data which isused. This means that the 
parameters which define the capacity of the model 
are data driven in order to match the model capacity 
to data complexity [28]. 

In case of solving very simple classification 
problems, for creating a classifier with a maximal 
margin, SVM uses a linear separating hyper-plane. If 
the classes can not be separated linearly in the 
original input space, the SVM transforms input space 
into a higher dimensional feature space. Predictor 
variable that is used to define the hyper-plane is 
called a feature. Feature selection is the task of 
choosing the most suitable representation. A row of 
predictor values, i.e. the set of features that describes 
one case is called a vector.  

The transformation into multidimensional feature 
space can be accomplished using nonlinear 
mappings: sigmoid, polynomial, RBF (radial basis 
function) mappings (usually called kernel functions). 
After the nonlinear transformation, finding the linear 
optimal separating hyper-plane in the 
multidimensional feature space is a very simple task.  
The optimization problem in the new feature space is 
equivalent to the problem of finding maximal margin 
separating hyper-plane in the original input space. 
The vectors which are nearest to the hyper-plane are 
called support vectors. In N-dimensional space, the 
data points will be separated by N-1 dimensional 
hyper-plane. 

Whether it is a problem of classification or 
regression, the problem will be solved in the new 
multidimensional space. 

Figure 1. [29] shows the problem of classification 
which in the original input space is nonlinear.   
Linear separation is made in the new multi-
dimensional space. 

 
 
Figure 1. Mapping in multidimensional space 

 
Using SVM method hyper-plane is found so that 

the margin between the support vectors is maximized 
(Figure 2.)[30]. 
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Figure 2.  Margins and support vectors
 

 
 
 

The kernel mapping function in SVM modeling is 
a very powerful concept. It allows performing 
separations with very complex boundaries (Figure 3.) 
[30]. 
 

 

Figure 3. Separation with kernel mapping 

In the tasks of learning from data there are 3 main 
components: 1) a generator of inputs X, 2) a system 
for training the learning machine with training 
responses y(d) , and 3) learning machine which 
should learn (model, estimate) the unknown 
dependency between these two sets of variables, the 
inputs xi and systems responses yi. This dependency 
will be defined by some weight vector w. In the 
course of the training phase, SVM will  be able to 
find  the relationship between the  input space X and 
the output space Y, using data D -  in regression 
tasks, or to find a function for separation of the data 
in the input space - in classification tasks. 

As a result of the learning process SVM will find 
approximation function fa(x,w), also called 
hypothesis, which approximates the true dependency 
between input and output variables in the regression 
task (and the separation function in the case of 
classification). It is very important that this 
hypothesis minimizes some risk functional R(w). 

An approximation function may be any function 
that maps inputs x into outputs y, for example: 
polynomial approximating function, multilayer 
perceptron, RBF network, SVM, or other. Here we 

use SVM. The parameters w are called weights and 
they are subject of learning. They may have different 
physical and geometrical meaning, depending on the 
hypothesis function; they are, for example, the 
hidden and output layer weights in multilayer 
perceptron, the coefficients of a polynomial, output 
layer weights of RBF network, or the weights of the 
support vectors in SVM [28]. 

 
 
4.2 SVM in regression problems (SVR) 

 
SVM has been initially developed for solving 

classification tasks, but it can be very successfully 
applied also for functional approximation problems, 
i.e. for regression problems.   

The general regression learning problem is set in 
the following way: 

l training data is given to the learning SV 
machine,  from which it tries to learn input-output 
dependency (relationship) function f(x,w). 

The training data set S is given as
},...,,),{( liRRyxS n

ii 21=×∈=  , where inputs xi are 

n – dimensional vectors( n
i Rx ∈ ), and outputs, the 

responses of the model, have real values.  

In the so called ε  - support vector regression, the 
goal is to obtain an approximation function f(x,w), 
where w are learned through the process of training, 
so that the function f is as flat as possible and it has  
at most ε  deviation from the actual outputs yi, for all 
training data. 

In SV regression, for estimation of the regression 
model, instead of measuring of the margin in the 
tasks of classification, we measure the error of 
approximation, using novel error (loss) function 
called linear loss function with ε insensitive zone, 
also called as Vapnik’s general type of error. It is 
defined in Eq. (1): 
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If the difference between obtained (predicted) 

value f(xi,w) and real, measured  value yi  is smaller 
thanε , then the error is equal to zero. Vapnik’sε
insensitivity error function defines ε tube (Figure 
4.) [28].  
 
 
 
 
 

 
 
 
 
 
 
 
 

Figure 4.ε - tube.  One dimensional support vector 
regression. Filled □   are support vectors, and the empty □ 

are not 

In Figure 4. we can see typical graph of regression 
problem (nonlinear), where all needed mathematical 
objects required in the process of learning the 
unknown coefficients wi, are presented. 
 

Traditional training techniques usually focus on 
minimizing empirical risk, SVM tends to minimize 
effectively the upper bound of theoretical error 
(structural risk minimization, SRM). Empirical risk is 
the frequency of the error on the training set and it is 
computed as averaging the loss function on the 
training set (Eq. 2): 

ε
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1 ),()(                  (2) 

SV machines implement new learning method which 
performs SRM and this leads to very good 
performance on previously unseen data, i.e. very 
good generalization, which makes SVM to be of 
exceptional importance, because the model which 
generalizes well is a good model, not the model 
which performs well on training data pairs. 

Because SVM are developed in the frame of SRM 
(structural risk minimization) which tries to minimize 
expected, real error R, the most important goal in 
SVM modeling is to minimize this error R, which is    
given in Eq. (3):  
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            (3) 

 
The parameter C is chosen by the user and it 

influences the value of approximation error and the 
weight vector norm w . Larger errors are penalized 
by increasing the parameter C. Another design 
parameter whose choice is easier than the choice of C 
and is also chosen by the user, is the desired 
precision, embodied in an ε value.  

 
 

5. Results and discussion 

In this paper, we use the software package 
DTREG [26] for forecasting the bidding cost.  

Several types of SVM models are offered in this 
modeling software, depending on the kernel function 
which is used: sigmoid, linear, polynomial and RBF, 
for regression, and also for classification tasks. 

Most often used and recommended function is the 
RBF (Eq. 4), but we do not know in advance the type 
of the kernel function which will be best for our task.  

)*exp(),(
2

jiji xxgammaxxΦ −−= (4) 
 
The iterative optimization process using DTREG 

can be stopped using control tolerance factor, called 
Epsilon value. For generating more accurate model, 
the tolerance factor can be reduced, and for reducing 
the computation time it can be increased, but very 
often the default value works well. After generating 
the SVM model, DTREG also gives a report on the 
relative significance of the predictor variables. 

DTREG uses V-fold cross validation method for 
validating the SVM model which is used.  

The selection of the model parameters impacts 
very much on the accuracy of the SVM model. 
DTREG offers two methods for obtaining optimal 
parameter values. For finding optimal parameters for 
regression problems, a criterion for minimizing total 
error is used. [30]. 

Chang and Lin [31] have great contribution in 
both theoretical and practical development of the 
support vector machines and SVM implementation in 
DTREG modeling software is partially based on their 
outstanding LIBSVM project. 

The results of the implementation of SVM model 
using package DTREG for predicting the real price 
of projecting is given bellow in Table 1. and Table 2. 
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Table 1.SVM model for predicting bidding price (input data, summary of variables and SVM parameters) 

Target variable: ln (price received) 
Number of predictor variables: 2 
Type of model: Support Vector Machine (SVM) 
Type of SVM model: C-SVC 
SVM kernel function: Radial Basis Function (RBF) 
Type of analysis: Regression 
Validation method: Cross validation 
Number of cross-validation folds: 10 
 
============ Input Data  ============ 
Input data file: TENDERS  
Number of variables (data columns): 14 
Data sub setting: Use all data rows 
Number of data rows: 26 
Total weight for all rows: 26 
Rows with missing target or weight values: 0 
Rows with missing predictor values: 0 
 
---  Statistics for target variable: ln(received price)  --- 
Mean value = 13.126042 
Standard deviation = 1.5542198 
Minimum value = 10.164312 
Maximum value = 16.28361 
==========================Summary of Variables  ===================== 
No.     Variable                          Class          Type            Missing rows            Categories 
----------------------------------------------------------------------------------------------------------- 
1 number of project                  Unused      Continuous                0 
2 category of construction       Unused      Categorical                 2 
3 year of construction              Unused      Continuous                 0 
4 purpose of construction        Unused      Categorical                0 
5 in Skopje                               Unused      Categorical               10 
6 outside  Skopje                      Unused      Categorical               16 
7 price offered                          Unused      Continuous                 0 
8 received an offer price          Unused      Continuous                 0 
9 contract signed or no             Unused      Categorical                 0 
10 time for prep. doc (days)     Unused      Continuous                 0 
11 problems about the doc.      Unused       Categorical                9 
12 ln (price offered)                  Predictor    Continuous                0                           25 
13 ln(pricereceived)                 Target         Continuous                0 
14 ln(time for prepar. doc)        Predictor    Continuous                0                           8 
 
============================  SVM Parameters  ===================== 
Type of SVM model: Epsilon-SVR 
SVM kernel function: Radial Basis Function (RBF) 
SVM grid and pattern searches found optimal values for parameters: 
Search criterion: Minimize total error 
Number of points evaluated during search = 1110 
Minimum error found by search = 0.215803 
Parameter values: 
Epsilon = 0.001 
C = 40.7921156 
Gamma = 0.76524768 
P = 0.23479872 
Number of support vectors used by the model = 13 
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Table 2.SVM model for predicting bidding price- Analysis of variance (training and validation data) 

 
 
The target variable is chosen to be ln(price 

received) and predicted variables are chosen to be 
ln(price offered) and ln(time for preparing 
documents), because in this way more accurate 
model is obtained. 
 

After the training phase, when the model is 
trained and established, SVM model can predict the 
values of the target variable for new values for the 
predictors.  From the DTREG‘s Validation data row 
report file one can read all predicted values for the 
actual target variable, in this case ln(price received), 
from where price received can be easily computed. 

The accuracy of the model will be estimated from 
the statistics of validation data. 

R2 and MAPE are used most often as estimators 
of a model. 

The coefficient of determination R2 is a measure 
of global fit of the model, it indicates how well data 
points fit a line or curve. R2 is often interpreted as the 
proportion of the response variation “explained” by 
the explanatory (independent) variables in the model, 
and it is an element of [0,1]. The value R2=0.89817 
from our model may be interpreted: around 89.8% of 
the variation in the response can be explained by the 

 
==========================  Analysis of Variance  ==================== 
 
---  Training Data --- 
Mean target value for input data = 13.126042 
Mean target value for predicted values = 13.13796 
 
Variance in input data = 2.4155993 
Residual (unexplained) variance after model fit = 0.1987342 
Proportion of variance explained by model (R^2) = 0.91773  (91.773%) 
Coefficient of variation (CV) = 0.033963 
Normalized mean square error (NMSE) = 0.082271 
Correlation between actual and predicted = 0.959911 
 
Maximum error = 1.9269423 
RMSE (Root Mean Squared Error) = 0.4457962 
MSE (Mean Squared Error) = 0.1987342 
MAE (Mean Absolute Error) = 0.2720582 
MAPE (Mean Absolute Percentage Error) = 2.0801151 
 
---  Validation Data --- 
Mean target value for input data = 13.126042 
Mean target value for predicted values = 13.148486 
 
Variance in input data = 2.4155993 
Residual (unexplained) variance after model fit = 0.2459916 
Proportion of variance explained by model (R^2) = 0.89817  (89.817%) 
 
Coefficient of variation (CV) = 0.037786 
Normalized mean square error (NMSE) = 0.101835 
Correlation between actual and predicted = 0.948581 
 
Maximum error = 1.9475975 
RMSE (Root Mean Squared Error) = 0.4959754 
MSE (Mean Squared Error) = 0.2459916 
MAE (Mean Absolute Error) = 0.3289504 
MAPE (Mean Absolute Percentage Error) = 2.5109899 
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independent variables. The remaining, around 10%, 
can be ascribed to inherent variability or some 
unknown variables. 

MAPE (mean absolute percentage error) is a 
measure of accuracy of a predictive model expressed 
as a percentage. For this SVM model 
MAPE=2.5109899 means that the error of the model 
is around 2.5%, which is very high accuracy 
considering that the data are real. 

6. Conclusion 

The bidding process for a construction firm is 
affected by many internal and external firm factors 
that are complex and changeable. Additionally, in 
many cases, required bidding documents are 
extensive and the timeline for tendering is short. 
Furthermore, the bidding price can have a big 
influence on the construction firm’s business. Hence, 
one of the most crucial issues for the firm is to 
determine the probability of a winning bidding price. 

Decision concerning the bidding price has multi-
disciplinary nature, so it is normally carried out by 
the firm team representatives. But, the decision for 
the bidding price stays a critical and a crucial 
decision. 

Despite the big importance of the firm bidding 
price in the construction industry, it has not been 
given enough attention by researchers.  

In this paper, the support vector machine (SVM) 
model was applied for forecasting the bidding price. 
Predictions by support vector machine model showed 
high accuracy that emphasized the fact that the SVM 
is one of the most accurate predictive models 
recently. 

The proposed model in this paper is a tool for 
forecasting the bidding price in construction. Also, 
the model can be used as a support in decision for the 
price for tendering process by the project 
participants.  

Although the model is based on data from the R. 
of Macedonia construction practice, this paper aims 
at giving a contribution to the body of knowledge for 
forecasting of the costs in the bidding process. 
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